Introduction 31
The abilities to identify odorants across a wide range of concentrations and detect changes in 32 odorant concentration are essential for olfactory perception and behavior. Olfactory systems use 33 combinatorial codes to encode large numbers of odors with smaller numbers of olfactory 34 receptor neurons (ORNs) (Malnic et al., 1999) . Each ORN typically expresses one of a large 35 repertoire of olfactory receptors (Ors) (Buck and Axel, 1991) . A single Or can be activated by 36 many different odorants, and a single odorant can activate many different Ors (Friedrich and 37 Korsching, 1997) . Different odorants can be discriminated by distinct activity patterns across an 38 ensemble of olfactory neurons (Hallem and Carlson, 2006; Kreher et al., 2005; Nara et al., 39 2011) . The olfactory code also conveys information about odorant intensity as higher odorant 40 concentrations tend to activate more ORNs (Kajiya et al., 2001; Wang et al., 2003) . Different 41 odorants may also evoke different temporal patterns in neuronal activity, augmenting 42 information coding using time (Friedrich and Laurent, 2001; Laurent et al., 2001; Junek et al., 43 2010; Smear et al., 2011) . 44 45 Recent studies have uncovered coding properties at the single cell and population levels that 46 may allow for scale-invariant representation of olfactory information such as odorant type and 47 intensity. At the individual ORN level, ORN responses to temporal patterns in odorant 48 presentation may be converted into predictable activity patterns by stereotyped filters (Nagel 49 and Wilson, 2011; Martelli et al., 2013) . At the population level, inputs to the olfactory bulb may 50 encode odorants in concentration invariant spatial representations (Wachowiak et al., 2002; 51 Cleland et al., 2007) . At the statistical level, the firing rates of Drosophila ORNs appear to be 52 drawn from an odor invariant probability distribution (Stevens, 2016) . However, a quantitative 53 characterization of such invariances in olfactory representation by a complete ORN ensemble is 54 still missing. 55
56
In this study, we characterized the ORN ensemble of the Drosophila larva to a panel of odorant 57 types and concentrations that spanned the selectivity of all olfactory sensory neurons. The 58 Drosophila larva offers the advantage of numerical simplicity for dissecting an olfactory circuit 59 that shares glomerular organization with adult insects and vertebrates (Vosshall and Stocker, 60 2007; Su et al., 2009) . We find that ORN-odorant pairs share the same activation function: ORN 61 activity increases with concentration along the same Hill curve for any odorant type but with 62 odorant-specific thresholds. We find that the statistical distribution of these ORN sensitivities to 63 odorants across olfactory space follows a power-law. Furthermore, ORNs share a stereotyped 64
Supp Fig 5B) . Interestingly, the trajectory of each odorant tended to follow its own direction in 147 PCA space. This pattern is particularly clear for aliphatic and aromatic odorants. Aliphatic 148 odorants with long carbon chains form trajectories projecting in a similar direction of PCA space, 149 since higher concentrations of these odorants tend to selectively recruit the other ORNs with 150 aliphatic private odorants. The same was true for aromatic odorants and the corresponding 151 group of ORNs with private odorants of this type (Fig 2B) . The vectors corresponding to 152 structurally similar molecules were separated by small angles (Fig 2B, Supp Fig 5C) . Thus, 153 visualization of ORN responses in PCA space reveals structure in the ensemble representation 154 of odorant identity over a large range of intensities. The population wide response maintains a 155 fixed direction in the representation of each odorant as concentration rises. 156 157 Dose-response curves share the same steepness but vary in threshold concentrations 158
We uncovered additional invariant structure when we analyzed the dose-response relationship 159 of individual odorant-ORN pairs. We found that the subset of all pairs that reached saturation 160 (n= 21 of 324 pairs) were well described by a Hill function: 161
where #$% is the maximum response amplitude measured by the calcium indicator, is the 163 odorant concentration, is the Hill coefficient or steepness of the linear portion of the curve, and7 12 is the half-maximal effective concentration. The Hill function canonically describes binding 165 affinities in ligand-receptor interactions such as that between odorants and olfactory receptors. 166
Here, we find that the Hill equation describes a common concentration dependent nonlinearity in 167 each dose-response relationship. After normalizing each dose-response curve by #$% and 168 aligning by the 12 , all 21 dose-response curves collapsed onto a single Hill function with = 169 1.5 ± 0.1 (Fig 3A) . This common Hill coefficient suggests a similar degree of cooperativity in 170 odorant binding and signal transduction across the ORN repertoire. Assuming the same 171 cooperativity applies to the other odorant-ORN pairs, we estimated the 12 value for all 172 remaining pairs. The complete 12 matrix reveals the distribution of sensitivities across the 173 ORN ensemble to each odorant (Fig 3B) . 174
175
A simple coding scheme emerges. A common Hill function, with the 12 value as the only free 176 parameter, describes the dose-response relationship for any odorant-ORN interaction. This 177 model, using the complete matrix of estimated 12 values, accounts for 98% of the variance in 178 the original dataset (Supp Fig 6A) . For each odorant, the vector of 12 values (a row in the 179 matrix in Fig 3B) specifies the identity and threshold of each activated ORN with increasing 180 odorant concentration. A corollary of having a unique 12 vector for each odorant is having a 181 unique direction for the trajectory of population responses across concentrations (Fig 2B) . 182
183
To study structure in the distribution of ORN sensitivities, we applied PCA to the matrix of 184 ln(1/ 12 ) (see Methods). We found that the first principal component (PC) explains a 185 significant portion of the variance (Supp Fig 6B) . We projected the vector of ln(1/ 12 ) values 186 associated with each private odorant onto this first PC, and found that this projection strongly 187 correlated with aromaticity index (Supp Fig 6C) , one of the major quantitative metrics of odorant 188 molecular structure that has been linked to olfactory discrimination across animals (Haddad et 189 al., 2008) . This observation explains why the trajectories of aromatic and aliphatic odorant 190 representations point in opposite directions in Fig. 2B . 191
192

Power law distribution of ORN ensemble sensitivities 193
Next, we examined the properties of the 12 values themselves. We extracted all measured 194 elements from the 12 matrix and constructed a cumulative density function (Fig. 3C) . The 195 data closely follows a line in the log-log plot, indicating a power law: ( respect to concentration and has an exponent (See Methods). We confirmed this prediction in 203 our experimental data (Fig 3D) . The mean activity of the olfactory ensemble grows with odorant 204 concentration following a power law with an exponent of 0.38±0.06, which is close to the 0.35 205 exponent found from fitting the 12 matrix (Fig 3C) . Thus, on average, activity expands across 206 the ORN ensemble at the same rate with increasing relative concentration, irrespective of 207 odorant type (as shown in responses, we compared the conversion of temporal patterns of olfactory input for different 214 odorant-ORN pairs across odorant intensities. To do this, we used reverse-correlation analysis, 215 subjecting larvae to "white noise" olfactory input by stochastically switching between odorant 216 and water delivery and seeking the temporal filter that best maps olfactory inputs into calcium 217 dynamics (Geffen et al., 2009; Kato et al., 2014) . We found that random olfactory input could 218 evoke fluctuating calcium activity in an ORN, and repeated presentation of the same input 219 pattern would evoke consistent responses from trial to trial (Supp Fig 7A) . The systematic 220 conversion of the stimulus to response waveform is well characterized by a linear-nonlinear (LN) 221 model. A linear transfer function estimates the relative weight of each time point in stimulus 222 history to determine the time-varying response amplitude (Supp Fig 7B) . The convolution of the 223 linear transfer function with stimulus history is then passed through a static nonlinearity to 224 correct for saturation (Supp Fig 7C) . We verified the LN model by predicting the response to a 225 novel random input using a filter calculated from different random inputs (Supp Fig 7D) . 226
227
We measured the linear transfer function for 3-octanol, the private odorant for the 228 across the concentration range used to characterize the 12 matrix. At the lowest 229 concentrations of 3-octanol, a filter describing ORN activity only emerges for the Or85c-ORN 230 (Fig 4A) . At higher concentrations, filters begin to emerge for additional ORNs. These filters for 231 9 each ORN, when normalized for response amplitude, were virtually identical in their temporal 232 response profiles as single lobed functions with similar peak and decay times ( Fig To our knowledge, a power law distribution of olfactory sensitivities has not yet been described 297 in any animal. One possibility for the power law in olfactory sensitivity is to match the 298 distributions of odorant concentrations found in natural olfactory environments. Natural odors 299 are mixed by convection and turbulence, physical processes that are rich in power law 300 dynamics (Catrakis and Dimotakis, 1996) . Power laws appear in the statistics of other natural 301 stimuli as well. Natural visual scenes exhibit a power law relationship between spectral power 302 and spatial frequency (Field, 1987; Simoncelli and Olshausen, 2001) indicates that location of Or33a-ORN was inferred from vacancy in bundle 2 (Supp Fig 2) . 352 Annu. Rev. Neurosci., 30, 505-533 (2007) . 
Methods 468
Fly stocks 469
Flies were reared at 22°C under a 12:12 hour light/dark cycle in vials containing conventional 470 yeast agar medium. Adult flies were transferred to a larvae collection cage (Genesee Scientific) 471 containing a grape juice agar plate and a dime-sized amount of fresh yeast paste. Flies could 472 lay eggs on the grape juice agar plate for two days and then the plate was removed for 473 collection of first instar larvae. The following fly lines were used in this study: UAS-474 mCherry.NLS; UAS-GCaMP6m, UAS-mCD8::GFP; Orco::RFP, Orco-Gal4 (BL23292), Or1a-475
Or85c-Gal4 (BL23913), Or94b-Gal4 (BL23916). 481
482
Microfluidic device design, fabrication, and calibration 483
Odorant stimuli were delivered using a microfluidic device (Fig 1A) designed with a 300 µm 484 wide and 70 µm high larva loading channel. The channel tapered to a width of 60 µm in order to 485 immobilize the larva. The tapered end was positioned perpendicular to a stimulus delivery 486 channel to allow for odorant flow past larval ORNs. The device was designed with a "shifting-487 flow strategy", similar to that described in Chronis et al, 2007 . The 16-channel device included 488 two control channels located at the periphery, 13 odorant channels in the middle, and one water 489 channel to remove odorant residue. Each channel was of equal length to ensure equal 490 resistance. During an experiment, a combination of three channels was always open: the water 491 channel, one of the 13 odorant delivery channels, and one of the control channels. The 13 492 odorant channels could be sequentially opened to deliver any odorant. Switching between the 493 two control channels directed either water or an odorant to flow past the larva's ORNs, as 494 demonstrated in Supp Fig 1.  495 
496
Fluorescein dye was used to measure the switching time between water and odorants as well 497 as to verify the spatial odorant profile in the device during stimulus delivery. Our standard air 498 pressure for stimulus delivery was 6 psi, which led to a flow rate of 0.5 mL/min in the microfluidic 499 device. With these conditions, the switching time between water and odorant was ~20 ms 500 (Supp Fig 1A) . 501
22
The microfluidic device pattern was designed using AutoCAD. The design pattern was then 502 transferred onto a silicon wafer using photolithography. The wafer was used to fabricate 503 microfluidic devices using polydimethylsiloxane (PDMS) and following the standard soft 504 lithography approach (Anderson et al, 2000) . The resulting PDMS molds were cut and bonded 505 to glass cover slips. Each microfluidic device was used for only a single panel of odorants in 506 order to prevent contamination. 507 508
Odorant delivery setup 509
Odorants were obtained from Sigma-Aldrich, diluted in deionized (DI) water (Millipore) and 510 stored for no more than 2 days. To prevent contamination, each odorant concentration was 511 stored in a separate glass bottle and delivered through its own syringe and tubing set. Panels of 512 odorants were delivered using a 16-channel pinch valve perfusion system (AutoMate Scientific, 513
Inc.). Each syringe and tubing set contained a 30 mL luer lock glass syringe (VWR) connected 514
to Tygon FEP-lined tubing (Cole-Parmer), which in turn was connected to silicone tubing 515 (AutoMate Scientific. Inc.). The silicone tubing was placed through the pinch valve region of the 516 perfusion system as its flexibility could allow for the passage or blockage of fluid flow to the 517 microfluidics device. The silicone tubing was then connected to PTFE tubing (Cole-Parmer), 518 which was then inserted into the microfluidic device. A microcontroller and custom written 519
Matlab code were used to control the on/off sequence of the valves and to synchronize valve 520 control with the onset of recording in the imaging software (NIS Elements). 521 522 During the entire recording, the larva experienced continuous fluid flow, with a flow rate of 523 0.5mL/min or 0.2m/s. In the dose-response experiments, the stimuli sequences consisted of five 524 seconds of odorant pulses followed by a washout period using water. The duration of odorant 525 pulses was chosen such that ORN responses reached maximum amplitude. The washout time 526 was adjusted to allow for ORN recovery back to baseline activity levels, and thus ensured that 527 measurements of ORN responses were independent of stimulus sequence ( Supp Fig 3 and  528 Movie 1). For the white noise experiments, a 1024-step m-sequence of odorant stimulus and 529 water was delivered with a time step of 0.2 s (Movie 2). 530 531
Calcium imaging 532
A first instar larva was loaded into a microfluidic device using a 1 mL syringe filled with 0.1% 533 triton-water solution. Using the syringe, a larva was pushed towards the end of the channel, 534
where the 60 µm wide opening mechanically trapped further larval movement. Each larva was 535 23 positioned such that its dorsal organ (nose) was exposed to the stimulus delivery channel and 536 its dorsal side (where ORN cell bodies are located) was closest to the objective. Larvae were 537 imaged using an inverted Nikon Ti-e spinning disk confocal microscope with a 60X water 538 immersion objective (NA 1.2). A charged-coupled device (CCD) microscope camera (Andor 539 iXon EMCCD) captured images at 30 frames/sec. ORN cell bodies were recorded by scanning 540 the entire volume (~20 slices with a step size of 1.5 µm) of the dorsal organ ganglion (Movie 1), 541 while ORN axon terminals were recorded from a single slice of the antennal lobe (Movie 2). 542 Dose-response experiments (data shown in Fig 1-2, Supp Fig 3-4 and Movie 1) were 543 performed using larvae of the Orco>GCaMP6m, Orco>mCherry.NLS genotype and recording 544 from ORN cell bodies. White noise experiments (data shown in Fig 4, Supp Fig 7-8 and Movie 545 2) were performed using larvae expressing GCaMP6m in a single ORN (e.g. Or42a>GCaMP6m 546 used in Supp Fig 7) and recording from ORN axon terminals. 547 548
Dose response analysis 549
Custom code written in ImageJ was used to track and identify each ORN as well as its 550 responses to odorant stimuli. Slight movement artifacts were corrected by aligning frames using 551 mCherry NLS labeling of ORN cell bodies and the ImageJ TurboReg plugin (Thevenaz et al, 552 1998) . Each ORN activated in response to an odorant stimulus was visually identified using both 553 the anatomical location of its dendritic bundle and the functional map of cognate odorant to 554 ORN activation (Fig 1 E, F, Supp Fig 2) . ORN identification was performed independently by 555 two experimenters to ensure accuracy. Changes in fluorescence were then quantified 556 as ( IJ$K − 2 )/ 2 , where 2 was the average ORN intensity sampled from the frames 557 immediately preceding odorant delivery and IJ$K was the highest intensity in ORN 558 fluorescence during odorant delivery. Each odorant stimulus was repeated with at least 5 trials. 559
The raw response data is summarized in Supp Table 1 . 560
561
The heatmap in Fig 2A was generated by directly averaging the peak responses across trials. 562
Simulated annealing was used to optimize the order of ORNs and odorants presented in this 563 heatmap, such that it minimized a loss function in which cost increased linearly with the distance 564 that activated odorant-ORN pairs were from the matrix diagonal. The response data was 565 normalized by the highest response level within each trial, averaged across trials, and then Z-566 scored prior to performing PCA. The distance and direction of vectors shown in Supp Fig 5  567 were calculated for each data point in Fig 2B using where #$% is the maximum ORN response level across concentrations, is the odorant 575 concentration, EC 12 is the half-maximal effective concentration, and is the Hill coefficient.
576
In the calcium imaging experiment, the maximum fluorescence intensity #$% could be affected 577 by the detailed experimental settings and it is differently fitted for the curve of each odorant-578 ORN pair. Here, the absolute value of #$% is not considered a coding feature, so in the 579 following analysis, we normalized the responses using #$% . 580 581 There were 21 odorant-ORN pairs saturated within the concentration range we studied. We 582 started by fitting these 21 curves using the Hill equation. We normalized the responses using 583 the #$% for each odorant-ORN pair and shifted the x-axis using its 12 . A scatter plot of the 584 normalized and shifted dose-response data for the 21 odorant-ORN pairs is shown in Fig 3A . saturate in the concentration range we had tested. There were 19 additional odorant-ORN pairs 590 that were close to saturation and we could therefore estimate their #$% and 12 values well. 591
592
After fitting the 21 odorant-ORN pairs that had saturated as well as the 19 that were close to 593 saturation, we had at least one parametrized Hill equation for each odorant. To fit the remaining 594 odorant-ORN pairs that were not close to saturation within our tested concentration range, we 595 first assumed that each odorant had approximately the same #$% for each odorant (this was 596 calculated by averaging the #$% of all ORNs that shared an odorant with a parameterized 597 logistic curve). Given the known #$% for each odorant and the fixed Hill coefficient, we could 598 estimate the 12 for the remaining 100 weakly responding odorant-ORN pairs. 599
600
The 12 of all odorant-ORN pairs is summarized in Fig 3B. The black elements in the matrix 601 indicate that the corresponding ORN showed no activity within the tested concentration range; 602
